This paper presents a technique for the mapping of soil moisture and irrigation, at the scale of agricultural fields, based on the synergistic interpretation of multi-temporal optical and Synthetic Aperture Radar (SAR) data (Sentinel-2 and Sentinel-1). The Kairouan plain, a semi-arid region in central Tunisia (North Africa), was selected as a test area for this study. Firstly, an algorithm for the direct inversion of the Water Cloud Model (WCM) was developed for the spatialization of the soil water content between 2015 and 2017. The soil moisture retrieved from these observations was first validated using ground measurements, recorded over 20 reference fields of cereal crops. A second method, based on the use of neural networks, was also used to confirm the initial validation. The results reported here show that the soil moisture products retrieved from remotely sensed data are accurate, with a Root Mean Square Error (RMSE) of less than 5% between the two moisture products. In addition, the analysis of soil moisture and Normalized Difference Vegetation Index (NDVI) products over cultivated fields, as a function of time, led to the classification of irrigated and rainfed areas on the Kairouan plain, and to the production of irrigation maps at the scale of individual fields. This classification is based on a decision tree approach, using a combination of various statistical indices of soil moisture and NDVI time series. The resulting irrigation maps were validated using reference fields within the study site. The best results were obtained with classifications based on soil moisture indices only, with an accuracy of 77%. of tools that can provide regional estimates of the water balance may contribute to the sustainable management of water resources in such areas [3] [4] [5] . It has been shown that the irrigation process requires a high level of precision, in order to optimize water input and crop response, while minimizing its potentially adverse environmental impacts [6] .
Introduction
With the world population being projected to reach 9.1 billion by 2050, agricultural production will need to increase substantially, to meet the surging demand for food [1, 2] . In this context, increased production must be accompanied by strategies for improved irrigation efficiency and the development of more sustainable agricultural techniques. In semi-arid regions, the limited availability of water represents a major obstacle to enhanced crop production. Efficient agricultural water management is thus a major issue, especially in areas where irrigation is deployed, meaning that the development allowing the soil moisture to be estimated with an RMSE of 3.6% (Vol.) for NDVI values ranging between 0.45 and 0.75, and 6.1% (Vol.) for NDVI values ranging between 0.75 and 0.90.
The second approach to the retrieval of soil surface moisture is based on Neural Network computations, and usually involves the use of one or two radar signal polarizations and the NDVI. This method also produces quite accurate estimations of the soil moisture [33] [34] [35] [36] [37] . Paloscia et al. [34] have proposed an approach based on an Artificial Neural Network, using VV SAR data and the NDVI from the Moderate Resolution Imaging Spectro-radiometer (MODIS) time series. The results obtained with this technique have a good accuracy, with a soil moisture RMSE of 4% (Vol.). El Hajj et al. [36] developed an algorithm based on a Neural Network, to estimate soil moisture over agricultural fields, by combining the WCM with the IEM (Integral Equation Model), the backscattering model used for bare soils. This combined use of optical and radar data allowed soil moistures to be estimated with an RMSE of approximately 5% (Vol.). C-band SAR radar sensors can be used to estimate soil moisture at depths between approximately 0 and 2 cm [38] [39] [40] . However, in agricultural contexts characterized by high rates of evaporation, this product can become highly variable, thus making it difficult to analyze the temporal dynamics of soil moisture [37, 38] .
The third approach to soil moisture estimation makes use of the change detection technique [41] [42] [43] . This method has been implemented using scatterometer sensors, at low spatial resolutions. Zribi et al. [41] proposed an algorithm using VV ASAR/ENVISAT data and MODIS time series observations, recorded over North Africa. When validated over central Tunisia, the soil moisture estimations were found to be very accurate, with an RMSE of 3.5% (Vol.) at a spatial resolution of 1 km. Gao et al. [42] combined Sentinel-1 data and the NDVI computed from Sentinel-2 images to retrieve soil moisture at a spatial resolution equal to 100 m. These products were validated, with an RMSE in volumetric moisture equal to approximately 8.7% (Vol.) and 5.9% (Vol.), using two different change detection methods.
The mapping of irrigated and rainfed areas can be used to prepare irrigation schedules and to assess the condition of water-stressed crops. Several studies [44] [45] [46] [47] [48] [49] [50] [51] [52] have demonstrated the considerable potential of optical remote sensing for irrigation mapping. Thiruvengadachari [44] proposed the interpretation of single-date Landsat imagery for the mapping of irrigated areas, by including additional information related to major surface irrigation projects, canal network maps, drainage patterns, and recorded groundwater utilization. Although single-date imagery can be used to identify irrigated fields, it is not always reliable, since single-date analysis does not take the dynamic changes of the vegetation cover into account, over a full agricultural season. Multi-temporal analysis is thus better adapted to the detection of irrigated fields. Thenkabail et al. [46] used time-series data from MODIS to generate a map of irrigated areas for the Ganges and Indus river basins. Studies combining the two aforementioned methods have increased the spatial and temporal resolution of irrigation mapping. Gumma et al. [50] developed a decision-tree approach using Landsat 30 m single-date data, combined with MODIS 250 m time series data. They achieved a precision lying in the range 67-93% for the identification of irrigated fields, with different classes of vegetation. Despite the strong potential of these techniques, the use of optical data is heavily dependent on the prevailing weather conditions, and cloud cover in particular. In areas affected by high cloud cover, these methods can be difficult to implement. During wet years, under low water stress conditions with vegetation cover, it can be difficult to distinguish between irrigated and non-irrigated fields using optical indices only. However, the use of soil moisture estimations can be used to improve the accuracy with which irrigated and non-irrigated areas are classified.
The aim of the present study is to propose an accurate technique for the mapping of soil water content, through the inversion of Sentinel-1 (S-1) and Sentinel-2 (S-2) data, combined with the use of the Water Cloud Model. In addition, the resulting soil moisture data can then be used to produce annual irrigation maps, allowing irrigated and rainfed areas to be distinguished. The remote sensing data (S-1 and S-2) analyzed in this study was acquired over cereal crops at a high spatial resolution, with short revisit times. The following section describes the study site and the database. The soil Remote Sens. 2018, 10, 1953 4 of 22 moisture mapping process and its validation are presented in Section 3 (methodology). In the fourth section, the resulting irrigation maps are evaluated. The final section includes a discussion of the results together with our conclusions.
Study Site and Database

Study Site
The Kairouan plain (Central Tunisia: 9 • 53 57"E; 35 • 34 51"N; Figure 1a ) is a semi-arid, typically agricultural region. Its flat topography is characterized by widespread cultivation (cereal crops and market gardening) together with arboriculture, which is dominated mainly by olive tree plantations [53] . The area has dry summer seasons, with an average temperature of approximately 30 • C during the hottest months (July and August), and wet winters. Precipitation is variable, with frequent periods of drought and an annual average rainfall of approximately 300 mm. The mean annual potential evapotranspiration is close to 1600 mm. The landscape in this area is dominated by agricultural plants (cereals and olive trees), as shown in Figure 1b , and the fields are covered by topsoil (5 cm in depth) consisting mainly of loam and clay.
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Study Site and Database
Study Site
The Kairouan plain (Central Tunisia: 9°53′57″E; 35°34′51″N; Figure 1a ) is a semi-arid, typically agricultural region. Its flat topography is characterized by widespread cultivation (cereal crops and market gardening) together with arboriculture, which is dominated mainly by olive tree plantations [53] . The area has dry summer seasons, with an average temperature of approximately 30 °C during the hottest months (July and August), and wet winters. Precipitation is variable, with frequent periods of drought and an annual average rainfall of approximately 300 mm. The mean annual potential evapotranspiration is close to 1600 mm. The landscape in this area is dominated by agricultural plants (cereals and olive trees), as shown in Figure 1b , and the fields are covered by topsoil (5 cm in depth) consisting mainly of loam and clay. Twenty reference fields with winter wheat crops (irrigated and rainfed wheat) were selected, and two campaigns were organized during the agricultural seasons (which start at the time of sowing and end after harvesting), from December 2015 to May 2016, and from December 2016 to March 2017. The first campaign was between December 2015 and May 2016; the second was between December 2016 and March 2017. These periods fall between the sowing and harvesting seasons of cereal crops [18] . The campaigns involved ground measurements and satellite acquisitions, and were carried out over the study site at regular intervals.
(a)
Ground Measurements
In situ soil moisture readings were recorded in selected reference fields (bare soil and wheat fields), and Sentinel-1 (S-1) radar observations were acquired, during the two cereal crop cycles (between December 2015 and March 2017). The in situ soil moisture and vegetation measurements were carried out on 38 different dates, at the same time as the radar acquisitions. For each reference field, twenty Thetaprobe measurements of volumetric soil moisture were made at a depth of 5 cm. These were calibrated using gravimetric measurements from previous campaigns [18] . Most of the fields were covered by smooth or moderately tilled soils.
The first agricultural season (2015-2016) was an extremely dry one, with a total annual rainfall of approximately 120 mm, recorded by the nearby INGC meteorological station ("Institut National des Grandes Cultures"; 9°56′16″E; 35°37′15″N). The soil moisture values were relatively low in the rainfed plots, and ranged between 3.9% (Vol.) and 18% (Vol.). In the case of the irrigated plots, the soil moisture values ranged between 5% (Vol.) and 39% (Vol.). The second agricultural season (2016-2017) was characterized by a relative higher average annual rainfall (approximately 240 mm), which was nevertheless lower than the long-term annual average, and soil moisture values ranging between 5% (Vol.) and 45% (Vol.).
An additional campaign was carried out between March and April 2017, in order to locate and collect information from several different agricultural fields (Table 1) , and to assess the differences in soil moisture characterizing rainfed and irrigated cereal crops. The data recorded during this campaign was later used to calibrate and validate the irrigation maps produced from the first two Twenty reference fields with winter wheat crops (irrigated and rainfed wheat) were selected, and two campaigns were organized during the agricultural seasons (which start at the time of sowing and end after harvesting), from December 2015 to May 2016, and from December 2016 to March 2017. The first campaign was between December 2015 and May 2016; the second was between December 2016 and March 2017. These periods fall between the sowing and harvesting seasons of cereal crops [18] . The campaigns involved ground measurements and satellite acquisitions, and were carried out over the study site at regular intervals.
The first agricultural season (2015-2016) was an extremely dry one, with a total annual rainfall of approximately 120 mm, recorded by the nearby INGC meteorological station ("Institut National des Grandes Cultures"; 9 • 56 16"E; 35 • 37 15"N). The soil moisture values were relatively low in the rainfed plots, and ranged between 3.9% (Vol.) and 18% (Vol.). In the case of the irrigated plots, the soil moisture values ranged between 5% (Vol.) and 39% (Vol.). The second agricultural season (2016-2017) was characterized by a relative higher average annual rainfall (approximately 240 mm), which was nevertheless lower than the long-term annual average, and soil moisture values ranging between 5% (Vol.) and 45% (Vol.).
An additional campaign was carried out between March and April 2017, in order to locate and collect information from several different agricultural fields (Table 1) , and to assess the differences in soil moisture characterizing rainfed and irrigated cereal crops. The data recorded during this campaign was later used to calibrate and validate the irrigation maps produced from the first two observation campaigns. Seventy-four plots were located over the Kairouan plain, corresponding to a total of 46 irrigated cereal crops and 28 rainfed wheat fields, with surface areas ranging between 2 and 25 ha.
The Kairouan plain has an extensive network of measuring stations, including meteorological and regular soil moisture stations. Four of the meteorological stations were installed in 2009, at Chebika (INGC), Skhira, Sidi Ali Ben Salem and Nasrallah. The closest station to the study site is that at Chebika, which provides meteorological data such as air temperature, relative humidity, global radiation, wind speed, atmospheric pressure and precipitation, at 30 min intervals. Sentienl-1A and Sentinel-1B images were acquired between December 2015 and March 2017. These satellites have the same orbital pattern, and are operated in the C-band (5.4 GHz), Interferometric Wideswath (IW) mode, with a spatial resolution of 10 m. Each satellite has a revisit period of 12 days, leading to a dual-satellite revisit period equal to six days. The sensors provide dual-polarization imagery (VV and VH) at an incidence angle ranging between 39 • and 40 • . This study used Level-1 ground range detection (GRD) products, derived from focused SAR images that were multi-looked and projected to a ground-range, using an Earth Ellipsoid Model.
The image processing was carried out using the Sentinel Application Platform (SNAP) toolbox. The first step in this process involved conversion of the signal, to obtain the backscattering coefficient. Terrain corrections were then applied, to correct for geometric distortions, using the Digital Elevation Model (DEM) proposed by the Shuttle Radar Topography Mission (SRTM), at a spatial resolution of 30 m. Finally, thermal noise removal and a Lee filter were applied, in order to reduce speckle effects in the images. The backscattering coefficient was averaged for each reference field. Seventy Sentinel-1 images recorded in the VV and VH polarizations, in both ascending and descending orbital modes, were successively downloaded and processed every six days.
Sentinel-2
Optical images of the study site were obtained from the Sentinel-2A satellite, on dates close to the Sentinel-1 images acquired between December 2015 and March 2017. The S-2A images were downloaded and processed from THEIA, a French open-source land data service center (https://www. theia-land.fr/).
The data was derived from cloud-free images with radiometric and atmospheric corrections. The Normalized Difference Vegetation Index (NDVI) was then computed, with Bands 4 and 8, which represent the Red (RED) and Near-Infrared (NIR) reflectances, using the expression:
The values of NDVI were averaged for each reference field, and these ranged between 0.08 in the case of bare soils, and 0.8 in the case of dense vegetation.
Twenty-eight S-2 optical images were recorded on dates close to the S-1 radar acquisitions, with a delay of not more than ten days between the S-1 and S-2 images (in this area, cereal crops do not change significantly in a single week). 
Methodology
Soil Moisture Retrieval Methodology
The soil moisture estimations were computed for bare soils and cereal fields. These need to be observed at a high spatial resolution, in order to facilitate the detection of irrigation events in individual fields. The proposed approach is based on the inversion of the WCM, coupled to an empirical soil backscattering model. The inversion algorithm comprises two successive phases, the first of which includes calibration of the model over the study site, and removal of all radar signal attenuation and/or scattering effects produced by the vegetation. The second step involves the implementation of an inversion algorithm to retrieve the soil moisture.
Water Cloud Model
The Water Cloud Model was developed by Attema and Ulaby [27] , in order to simulate the characteristics of a radar signal when it is backscattered by the ground, and in any way affected by the soil surface moisture and plant canopies. The total backscattering coefficient (σ 0 ) in this model is given by the following expressions:
where
In Expression (2), the first term represents scattering due to the vegetation, and the second term, σ 0 veg/soil , is related to multiple ("double-bounce") scattering, which can often be neglected in the case of wheat scattering [54] . The third term represents soil scattering, attenuated by the vegetation cover.
The vegetation backscattering is modeled as:
and the soil backscattering is modeled as:
The latter expression thus assumes that there is a linear relationship between the soil moisture and the radar signal expressed in dB, where C and D are calibration parameters, τ 2 is the two-way vegetation transmissivity, Mv is the soil moisture, θ is the incidence angle of the radar signal, and V is the vegetation parameter.
The calibration and validation of the WCM are described in a previous study [28] . The parameterization of the WCM was adapted to a wide range of soil moistures (between 5% (Vol.) and 45% (Vol.)), and NDVI values (between 0.14 and 0.8). The model is calibrated in two successive steps, the first of which uses bare soil reference fields to retrieve the parameters C and D, with the second step using vegetation-covered fields to retrieve the parameters A and B.
The fitted model allows the parameters A, B, C and D, (Table 2) , which depend on the type of canopy, to be determined. An earlier study [30] has also shown that the signal in the VV polarization is more sensitive to the soil surface parameter. For this reason, we consider the VV polarization only in the following section. 
Inversion of the Water Cloud Model and Soil Moisture Retrieval
Following its calibration with the aforementioned parameters, the WCM is inverted and the soil moisture is computed. This inversion process makes use of the spatialized NDVI, derived from S-2 images and the backscattering coefficient. In the present study, we introduced a moving average filter with a 5 × 5 pixel window, in order to mitigate speckle artifacts on the resulting maps.
Irrigation Mapping Methodology
In this section, we propose a methodology for the identification of irrigated areas at the scale of individual fields, based on the interpretation of Sentinel-1 and Sentinel-2 images.
The structure of this algorithm is described by the flow chart in Figure 2 . The key input data used in this process are the soil moisture maps produced by the inversion technique, and the values of NDVI derived from S-2 images.
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The first step involves the processing of a segmented S-2 image, using NDVI data to generate meaningful image segments, including the agricultural fields of interest. The soil moisture and NDVI values are averaged for each of the segmented fields. The algorithm then makes use of the mean and variance of the soil moisture time series, and the mean value of the NDVI time series, in order to distinguish between irrigated and rainfed fields. Support Vector Machine and Decision Tree classification were incorporated into the process. Finally, the resulting irrigation maps are validated using selected reference fields. The first step involves the processing of a segmented S-2 image, using NDVI data to generate meaningful image segments, including the agricultural fields of interest. The soil moisture and NDVI values are averaged for each of the segmented fields. The algorithm then makes use of the mean and variance of the soil moisture time series, and the mean value of the NDVI time series, in order to distinguish between irrigated and rainfed fields. Support Vector Machine and Decision Tree Remote Sens. 2018, 10, 1953 9 of 22 classification were incorporated into the process. Finally, the resulting irrigation maps are validated using selected reference fields.
Image Segmentation
To calculate the statistical parameters of the satellite products (mean and variance), the agricultural fields are assigned as homogenous segments, using an NDVI image derived from S-2 data. A segmentation algorithm (mean-shift) is then applied, and for each segment the mean NDVI, together with the mean and variance of the soil moisture, are computed.
Support Vector Machine Classification
The purpose of the second step in the classification procedure is to distinguish between rainfed and irrigated areas. An initial classification step is implemented using a Support Vector Machine (SVM). The SVM is a supervised machine-learning algorithm, which has been widely applied to the classification of remote sensing images [55] [56] [57] . In the case of the present algorithm, classification is achieved by identifying a decision boundary that differentiates between the two classes. This boundary is generally an optimal hyperplane for linear, separable patterns ( Figure 3 ), which can be expressed as:
where a and b are the hyperplane parameters, with a equal to 0.058 and b equal to 13.7.
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where a and b are the hyperplane parameters, with a equal to 0.058 and b equal to 13.7. The input variables in the SVM classification are the mean and variance of the soil moisture time series, computed from the descending node radar data, which has a revisit time of six days.
A total of 74 training cereal crops (irrigated and rainfed fields) were assessed across the study site, and then separated into two datasets: 46 fields were used to compute the parameters of the hyperplane equation, in the SVM modeling step. The results of this classification are shown in Figure  3 , in which the irrigated and rainfed fields lie respectively above and below the linear hyperplane, The input variables in the SVM classification are the mean and variance of the soil moisture time series, computed from the descending node radar data, which has a revisit time of six days.
A total of 74 training cereal crops (irrigated and rainfed fields) were assessed across the study site, and then separated into two datasets: 46 fields were used to compute the parameters of the hyperplane equation, in the SVM modeling step. The results of this classification are shown in Figure 3 , in which the irrigated and rainfed fields lie respectively above and below the linear hyperplane, and the highest mean values of soil moisture correspond to irrigated fields. It can also be seen that the variance and mean value of the soil moisture product time series are correlated. This trend can be explained in terms of the relative aridity of the study site, where frequent changes in the soil moisture of irrigated fields, from initially dry to relatively wet conditions, are associated with an increase in the variance of this parameter.
Decision Tree Classification
The Decision Tree classifier has long been employed for land cover mapping [58, 59] , to distinguish between various classes of agricultural area using indices derived from remote sensing data. The method developed in the present study applies the Decision Tree classification, using mean and variance maps of soil moisture together with a map of mean NDVI values, to separate the irrigated from the rainfed areas. This classification is based firstly on the use of maps of mean NDVI values only. It is then associated with the SVM classification, using the hyperplane parameters, together with the soil moisture parameters. Finally, the irrigation/rainfed classification is completed by combining the soil moisture parameters with the mean value of NDVI, leading to the production of irrigation maps. The 28 reference fields, which were not included in the 70 training fields, were used to validate the irrigated and rainfed fields identified by the classification algorithm.
Results
Validation and Mapping of Soil Moisture
Validation of the Proposed Inversion Against Ground Measurements
The first validation is achieved by comparing the estimated water content with the ground measurements, acquired by the Theta Probe sensor on the reference fields, for soil moisture conditions ranging from dry to wet. Figure 4 shows the good agreement found between the measured and estimated soil moistures (derived from data in the VV polarization), for NDVI values ranging between 0.08 and 0.7. With these results, the RMSE is 6.4% (Vol.), the bias is 0.25% (Vol.), and the coefficient of determination R 2 is equal to 0.4 (with p-value < 0.01). and the highest mean values of soil moisture correspond to irrigated fields. It can also be seen that the variance and mean value of the soil moisture product time series are correlated. This trend can be explained in terms of the relative aridity of the study site, where frequent changes in the soil moisture of irrigated fields, from initially dry to relatively wet conditions, are associated with an increase in the variance of this parameter.
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Results
Validation and Mapping of Soil Moisture
Validation of the Proposed Inversion Against Ground Measurements
The first validation is achieved by comparing the estimated water content with the ground measurements, acquired by the Theta Probe sensor on the reference fields, for soil moisture conditions ranging from dry to wet. Figure 4 shows the good agreement found between the measured and estimated soil moistures (derived from data in the VV polarization), for NDVI values ranging between 0.08 and 0.7. With these results, the RMSE is 6.4% (Vol.), the bias is 0.25% (Vol.), and the coefficient of determination R 2 is equal to 0.4 (with p-value < 0.01). 
Validation of Soil Moisture Products Computed by Inversion, Using Neural Networks (a) Neural Network products
A Neural Network (NN) technique for soil moisture mapping, based on the inversion of radar signals, has been proposed by El Hajj et al. [36] . This NN uses the WCM, coupled with the Integral Equation Model (IEM), and is trained using C-band SAR data in the VV and VH polarizations, together with NDVI data derived from optical S-2 images. Although, in an effort to improve the soil moisture estimations, the NN can include meteorological data to provide the network with a priori information concerning rainfall events, it can also be used without this information. In practice, rainfall has a significant influence on the soil and is strongly related to its surface moisture content. After a long period of drought, the soil becomes very dry, with low soil moisture values (Mv between 2% and 25% (Vol.)). Sudden bouts of heavy rain then lead to high levels of soil moisture (Mv between 25% and 40% (Vol.)).
In this context, NNs can be established for two distinct cases:
• no a priori information concerning the soil moisture • availability of a priori information concerning the soil moisture: dry to wet or very wet soil.
This approach was shown to perform very well in the south of France [36] , with an RMSE equal to 5.5% (Vol.) in the absence of a priori soil moisture information, and 4% (Vol.) in the presence of a priori information, for dry soils. In the case of wet soils, this technique led to an RMSE of 6.9% (Vol.) without a priori information, and 5.1% (Vol.) with a priori information. Figure 6 shows the performance of the NN over the Merguellil site, for both cases (with and without a priori soil moisture information). In the absence of a priori information, the estimated values of Mv have an RMSE equal to 6.8% (Vol.) and a coefficient of determination (R 2 ) equal to 0.5 (p-value < 0.01). When a priori information is available, the agreement between predicted and measured values of soil moisture is improved, and estimations with an RMSE equal to 5.8% (Vol.), and a coefficient of determination R 2 equal to 0.58 (p-value < 0.01). 
This approach was shown to perform very well in the south of France [36] , with an RMSE equal to 5.5% (Vol.) in the absence of a priori soil moisture information, and 4% (Vol.) in the presence of a priori information, for dry soils. In the case of wet soils, this technique led to an RMSE of 6.9% (Vol.) without a priori information, and 5.1% (Vol.) with a priori information. Figure 6 shows the performance of the NN over the Merguellil site, for both cases (with and without a priori soil moisture information). In the absence of a priori information, the estimated values of Mv have an RMSE equal to 6.8% (Vol.) and a coefficient of determination (R 2 ) equal to 0.5 (p-value < 0.01). When a priori information is available, the agreement between predicted and measured values of soil moisture is improved, and estimations with an RMSE equal to 5.8% (Vol.), and a coefficient of determination R 2 equal to 0.58 (p-value < 0.01). Remote Sens. 2018, 10, x FOR PEER REVIEW 12 of 22 (a) (b) Figure 6 . Neural Network simulations for two cases: (a) without a priori information; (b) with a priori information for the reference fields.
(b) Comparing NN estimations with the proposed inversion products
Here, the soil moisture obtained with the NN and a priori information is compared with the values of soil moisture computed using direct inversion of the WCM (Figure 7) , showing that these two products are highly correlated, with a coefficient of determination R 2 equal to 0.8, an RMSE of 4.3% (Vol.) and a bias of 1.9% (Vol.). Despite the limitations and simplicity of the inversion methodology, the results obtained with the NN validation show that it can accurately estimate the soil moisture. Figure 8 provides examples of the resulting soil moisture maps, computed for the study site by inverting the WCM. Two specific dates selected in order to analyze the soil moisture values obtained for the whole study site, for two specific cases: a wet period (24 December 2016) , and a dry period (20 July 2016). The results obtained for these two cases are significantly different, as a consequence of their differences in terms of seasonal and meteorological conditions (rainfall). 
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Soil Moisture Mapping
Irrigation Mapping
A mask is first applied to the images, in order to eliminate high ground, lakes or ponds, dams, urban areas, salt flats, and olive fields.
Three cases are then considered for the classification of irrigated and rainfed areas:
classification using mean NDVI values only classification using soil moisture parameters (mean and variance) only classification using the mean and variance of soil moisture, combined with the mean values of NDVI. 
classification using mean NDVI values only classification using soil moisture parameters (mean and variance) only classification using the mean and variance of soil moisture, combined with the mean values of NDVI.
The irrigation results corresponding to the above three cases are shown in Figures 9-12 . These patterns of irrigation were then analyzed in greater detail, in order to identify the irrigated and non-irrigated fields on the study site. For this, confusion matrices were used to compare the pixels of each field with the resulting irrigation map. The resulting confusion matrices, used for the Decision Tree classification, are listed in Tables 3-5 . They summarize the accuracy statistics in terms of the Kappa coefficient, which is a standardized indicator of the overall accuracy of the validation step. This coefficient measures the strength of the agreement between the classification algorithm and the ground truth measurements, thus indicating the accuracy of each class, established with the validation data set. These classifications are based on a Decision Tree classifier.
Classification based on NDVI statistical parameters
With this approach, the only classification parameter used to discriminate between fields was the mean value of NDVI, derived from the time series of NDVI images acquired during the month of March (Figure 9 ). This is the period during which cereals experience their most rapid growth. Earlier dates were not considered, because the sowing dates varied from one field to another. In the absence of any change in irrigation, this could significantly affect the measured values of NDVI. An empirical threshold of 0.6 was used to separate the irrigated from the non-irrigated fields. A field with a mean value of NDVI greater than 0.6 is thus interpreted as having irrigated crops, whereas fields with a lower NDVI are considered to be rainfed. This threshold can be shifted, in accordance with the climatic conditions and agricultural practices of the studied region.
The relatively poor accuracy (58.1%) of this "NDVI classification" is shown in Table 3 . The irrigation results corresponding to the above three cases are shown in Figures 9, 10, 11 and 12. These patterns of irrigation were then analyzed in greater detail, in order to identify the irrigated and non-irrigated fields on the study site. For this, confusion matrices were used to compare the pixels of each field with the resulting irrigation map. The resulting confusion matrices, used for the Decision Tree classification, are listed in Tables 3-5 . They summarize the accuracy statistics in terms of the Kappa coefficient, which is a standardized indicator of the overall accuracy of the validation step. This coefficient measures the strength of the agreement between the classification algorithm and the ground truth measurements, thus indicating the accuracy of each class, established with the validation data set. These classifications are based on a Decision Tree classifier.
•
Classification based on NDVI statistical parameters With this approach, the only classification parameter used to discriminate between fields was the mean value of NDVI, derived from the time series of NDVI images acquired during the month of March (Figure 9 ). This is the period during which cereals experience their most rapid growth. Earlier dates were not considered, because the sowing dates varied from one field to another. In the absence of any change in irrigation, this could significantly affect the measured values of NDVI. An empirical threshold of 0.6 was used to separate the irrigated from the non-irrigated fields. A field with a mean value of NDVI greater than 0.6 is thus interpreted as having irrigated crops, whereas fields with a lower NDVI are considered to be rainfed. This threshold can be shifted, in accordance with the climatic conditions and agricultural practices of the studied region.
The relatively poor accuracy (58.1%) of this "NDVI classification" is shown in Table 3 . 9 . Classification of irrigated and rainfed areas using the NDVI parameter. Figure 9 . Classification of irrigated and rainfed areas using the NDVI parameter.
Classification using soil moisture statistics only
With this approach, we use soil moisture alone as a parameter to discriminate between irrigated and non-irrigated fields, without the NDVI index ( Figure 11 ). Using the SVM algorithm, we compute the hyperplane parameters from the mean and variance of soil moisture values, which are estimated from the time series (January to end of March). The hyperplane is then used to separate the irrigated from the non-irrigated fields. In this region, the irrigation of cereal fields generally begins in early January, whereas the period of maximum vegetation growth occurs towards the end of March; soil moisture estimations are limited by a maximum NDVI of approximately 0.7 [36] . Figure 10 provides two examples of typical soil moisture product time series, for the 2015-2016 and 2016-2017 agricultural seasons, corresponding to irrigated and rainfed fields. During the studied seasons, soil moisture estimations were not computed for cases in which the weather (cloud cover) during the 15 preceding days had hindered the acquisition of suitable Sentinel-2 images. In both cases, we observed a significant difference between the moisture levels of irrigated and rainfed fields. This difference was particularly strong in the case of the driest season (2015-2016), during which very low values of soil moisture were observed in the rainfed fields. • Classification using soil moisture statistics only
With this approach, we use soil moisture alone as a parameter to discriminate between irrigated and non-irrigated fields, without the NDVI index ( Figure 11 ). Using the SVM algorithm, we compute the hyperplane parameters from the mean and variance of soil moisture values, which are estimated from the time series (January to end of March). The hyperplane is then used to separate the irrigated from the non-irrigated fields. In this region, the irrigation of cereal fields generally begins in early January, whereas the period of maximum vegetation growth occurs towards the end of March; soil moisture estimations are limited by a maximum NDVI of approximately 0.7 [36] . Figure 10 provides two examples of typical soil moisture product time series, for the 2015-2016 and 2016-2017 agricultural seasons, corresponding to irrigated and rainfed fields. During the studied seasons, soil moisture estimations were not computed for cases in which the weather (cloud cover) during the 15 preceding days had hindered the acquisition of suitable Sentinel-2 images. In both cases, we observed a significant difference between the moisture levels of irrigated and rainfed fields. This difference was particularly strong in the case of the driest season (2015-2016), during which very low values of soil moisture were observed in the rainfed fields. The overall classification accuracy achieved with the soil moisture parameter is better than that obtained using the NDVI: 77.2%, with a Kappa coefficient (K) equal to 0.58 (Table 4 ). The overall classification accuracy achieved with the soil moisture parameter is better than that obtained using the NDVI: 77.2%, with a Kappa coefficient (K) equal to 0.58 (Table 4 ). Figure 11 . Classification of irrigated and rainfed areas using soil moisture parameters.
• Classification using statistical parameters derived from both soil moisture and NDVI With this approach, a decision tree classification is used based on three statistical parameters: the mean value of NDVI for the month of March, using the same threshold (0.6) as described above, and the mean and variance of the soil moisture ( Figure 12 ). Thresholds were applied to the SVM algorithm, based on two statistical parameters: the mean and variance of the soil moisture time series. In the second approach, the values of soil moisture computed for the period between the beginning of January and the end of March are considered.
The combined use of these three indicators leads to good results, with an overall classification accuracy of 71.8% (Table 5 ). Classification using statistical parameters derived from both soil moisture and NDVI With this approach, a decision tree classification is used based on three statistical parameters: the mean value of NDVI for the month of March, using the same threshold (0.6) as described above, and the mean and variance of the soil moisture ( Figure 12 ). Thresholds were applied to the SVM algorithm, based on two statistical parameters: the mean and variance of the soil moisture time series. In the second approach, the values of soil moisture computed for the period between the beginning of January and the end of March are considered.
The combined use of these three indicators leads to good results, with an overall classification accuracy of 71.8% (Table 5 ). 
Discussion
Soil Moisture Estimation
Soil moisture retrievals were computed using two different approaches, using optical and radar data at high spatial resolution. The first approach was based on the direct inversion of the WCM and the second one used the NN techniques. The two methods provided good results, with an RMSE approximately equal to 6% (Vol.), and are highly correlated. However, overestimations and underestimations of the approach, as shown in Figures 4 and 6 , are explained by dense vegetation cover and rough field.
The overestimation of soil moisture (in particular, the data points identified with a blue circle in Figure 4 is attributed to errors produced in the case of rough soil reference fields. In practice, as the proposed soil backscattering model simplifies the soil roughness to a uniform value for all fields, the soil moisture retrieved for fields with high roughness levels tends to be overestimated. For dense cereal crops with the highest values of NDVI (above 0.65, corresponding to the data points identified by a red ellipse in Figure 4 ), the proposed algorithm underestimates the soil moisture.
Two specific dates were selected to analyze the soil moisture maps. Figure 8a shows the soil moisture map, derived from the S-1 image acquired on 24 December 2016, revealing high levels of soil moisture across the site: most of the soil moisture values lie in the range between 25% (Vol.) and 45% (Vol.). The higher values correspond to a period characterized by a cumulative rainfall of 85 mm during the five days preceding the estimations, recorded by the meteorological station (INGC) within the site. Figure 8b (20 July 2016) corresponds to a dry date: the lowest values of soil moisture range between 5% (Vol.) and 20% (Vol.). In the case of this observation, no precipitation had been recorded during the months of June and July. The significantly higher values of soil moisture revealed in certain areas are interpreted as the consequence of local irrigation in selected fields. 
Discussion
Soil Moisture Estimation
Two specific dates were selected to analyze the soil moisture maps. Figure 8a shows the soil moisture map, derived from the S-1 image acquired on 24 December 2016, revealing high levels of soil moisture across the site: most of the soil moisture values lie in the range between 25% (Vol.) and 45% (Vol.). The higher values correspond to a period characterized by a cumulative rainfall of 85 mm during the five days preceding the estimations, recorded by the meteorological station (INGC) within the site. Figure 8b (20 July 2016) corresponds to a dry date: the lowest values of soil moisture range between 5% (Vol.) and 20% (Vol.). In the case of this observation, no precipitation had been recorded during the months of June and July. The significantly higher values of soil moisture revealed in certain areas are interpreted as the consequence of local irrigation in selected fields.
Irrigation Mapping
The first generated irrigation map was based on the mean value of NDVI (Figure 9 , Table 3 ). This classification provided the lowest results with an overall accuracy of 58.1%. Relatively frequent confusions occur between rainfed and irrigated fields, due to two different factors: (a) in the case of the 2016-2017 season, which was not particularly dry, even non-irrigated fields could attain high values of NDVI; (b) as fertilizers are not used by all farmers, higher NDVI levels could be observed for non-irrigated, but fertilized fields, rather than for irrigated fields without fertilization. These constraints, combined with the absence of optical images on certain dates (due to cloud cover), illustrate the limitations of an approach-based solely on the interpretation of NDVI. Figure 11 provided the resulting irrigation map from the classification using only soil moisture parameters (Mean and variance value). As shown in Table 3 , the classification provided the highest accuracy. This improvement can be attributed to the fact that a relatively high level of soil moisture is a more reliable indicator of irrigation than a relatively high level of NDVI. The soil moisture indicator is particularly important in the semi-arid environment of the proposed site, where the number of rainfall events is generally very small, and the level of evaporation is high, leading to a substantial difference in the behavior of soil moisture, between irrigated and non-irrigated fields.
The third classification used the soil moisture parameters and the mean value of NDVI. The inclusion of soil moisture clearly improves the accuracy of the classification. However, the case using soil moisture parameters only yields, slightly better results, thus showing that the inclusion of the NDVI slightly degrades the classification accuracy. These results are typical for a semi-arid site with a small number of rainfall events, a high level of evaporation, and variable practices in terms of the use of fertilizers.
Conclusions
In semi-arid areas, water resources are becoming increasingly scarce. For this reason, it is important to propose scenarios for the improved management of these natural resources, in an effort to ensure the future protection and development of the agricultural sector.
The aim of the present study is to generate operational irrigation maps on an annual basis, distinguishing between irrigated and rainfed areas, for the management of irrigation and the implementation of agricultural strategies, at a high spatial resolution.
In an initial step, operational approaches were proposed for the retrieval of soil moisture maps, at the scale of individual fields on the semi-arid Kairouan plain in central Tunisia.
With the arrival of the Sentinel-1 and Sentinel-2 constellations, it has now become feasible to produce soil moisture products at high spatial resolutions and relatively high temporal frequencies.
The approach proposed in this study is based on the inversion of the WCM, using radar data recorded in the VV polarization and NDVI data derived from optical images. The estimated values of soil moisture are validated using ground measurements and a Neural Network (NN) moisture product. Consistent results are obtained when the two satellite moisture products are compared, with an RMSE of 4.3% (Vol.) and a bias of 1.9% (Vol.) between the two estimations.
A classification algorithm is proposed for the mapping of irrigated and rainfed areas over the Kairouan plain. The first approach to this classification uses a Support Vector Machine (SVM) to distinguish between irrigated and rainfed areas, based on soil moisture parameters (mean and variance). A Decision Tree classification is then used to produce irrigation maps with several simulations based on these parameters, for three specific cases: a classification based on mean NDVI values for agricultural fields; a classification based on the mean and variance of soil moisture time series; and lastly a classification based on the mean and variance of soil moisture time series, together with the mean values of NDVI. The highest overall classification accuracy (77%) is achieved when the soil moisture parameters only are used. The lowest accuracy is achieved when the mean values of NDVI only are used. In the present study, the added NDVI information to the soil moisture data decreased the quality of the classification. This outcome is probably due to the limited ability of NDVI to distinguish between irrigated and non-irrigated fields, in the specific context of our semi-arid study site, which is characterized by high levels of evaporation, rare and infrequent rainfall events, and the limited application of fertilizers. Despite the considerable potential of Sentinel-1 and Sentinel-2 data for the production of irrigation maps, in certain cases their 6-day revisit period could be insufficient for the observation of all irrigation and rainfall events. In a forthcoming study, these methods will be tested in more humid regions, in an effort to examine the changes in empirical thresholds considered in this study, as well as the limitations and specific characteristics of the optical NDVI and soil moisture products when applied to the analysis of irrigation practices. 
